Seasonality has disappeared from Africa's development debate. In food prices, the focus has been on volatility, ignoring the predictable (seasonal) component. Information on intra-annual fluctuations in household consumption is even harder to come by. This paper revisits the extent of seasonality in African livelihoods. First, econometric analysis of monthly food price series across 100 locations in 3 countries during 2000-2012 shows that seasonal movements in maize wholesale prices explain 20 (Tanzania, Uganda) to 40 (Malawi) percent of their monthly volatility. Monthly maize peak prices are on average 30 (Tanzania, Uganda) to 50 (Malawi) percent higher than their monthly troughs and two to three times higher than the seasonal gaps observed for white maize at the South African Futures Exchange. Second, household food consumption inversely tracks food prices in each country, decreasing when staple prices increase; increasing when they decline. (Excess) seasonality in African food markets and consumption persists, necessitating policy attention.
Introduction
Seasonality (in food prices and consumption) was much studied in the nineties and shown to be associated with significant intra-annual fluctuations in welfare, with a focus on food security and nutrition (Sahn 1989) . Since then, the topic has largely disappeared from the policy debate as well as in project design and the academic literature (Devereux, Sabates-Wheeler and Longhurst, 2011) .
The general perception of improved integration of local food markets may have partly motivated the neglect. 2 But substantial seasonality in price movements is still possible even when domestic food markets are better integrated. This can happen, for example, if the timing of production is highly correlated across markets and commodities, and if domestic food markets are poorly integrated with world markets (and/or those in neighboring countries).
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Second, seasonality may also be a non-negligible component of food price volatility. The latter has attracted a lot of attention since the 2007-8 global food price crisis (Galtier and Vindel, 2012; World Bank, 2012a) , as uncertainty might hamper the much needed supply response. But not all price volatility is stochastic and uncertain. And, to the extent that volatility follows from predictable, intra-annual, i.e. seasonal, price movements, a different policy response is needed.
Because seasonal patterns are regular and repeated over time, we can quantify the contribution of seasonality to overall volatility.
To be sure, a certain degree of seasonality in food prices is unavoidable. As production is cyclical, intertemporal arbitrage is needed and storage costs ensue, driven by post harvest loss and 2 Araujo and Araujo-Bonjean (2008) document better domestic integration of the millet markets in West Africa and Aker and Fafchamps (2014) discuss how better mobile phone coverage in Niger decreased the intra-annual price dispersion for cowpeas. The latter authors also highlight that this is not automatic and that the impact of the technology can differ substantially by type of crop (semi-perishable or storable) and agent (consumer, trader, or producer) , and the time during the year, even within the same country. Studying maize markets in Malawi during 1999 , Zant (2013 also cautions against the perception of full market integration, as the probability of integrated markets consistently and substantially decreases during periods of food shortages, when trade is most needed. 3 Trade between countries with less (positively) correlated food production cycles would help reduce food storage costs, which is an important reason for seasonality in food prices (Dana, Gilbert, and Shim, 2006) . Recent studies suggest however that food markets in Africa are often still poorly integrated across countries, even if they may be better integrated within countries (Araujo and Araujo-Bonjean, 2008; and Araujo, AraujoBonjean, and Brunelin, 2012 for millet in West Africa; Ihle, von Cramon-Taubadel, and Zorya, 2010 for maize in East Africa; Daviron, 2008; World Bank, 2012b) .
the opportunity cost of capital. 4 This drives a wedge between prices before and after the harvest.
This price gap can be compounded by market power along the marketing chain and in storage (Osborne, 2004; , by high transaction costs (due to poor infrastructure, fuel costs (Dillon and Barrett, 2013) or transport monopolies (Teravaninthorn and Raballand, 2009)) 5 , and by credit constraints for traders. Imperfect capital markets may also induce sell-low, buy-back-high behavior among liquidity constrained households (Stephens and Barrett, 2011) . This may further push up the seasonal price gap, as supply increases immediately after the harvest, while demand increases in the face of limited supply, just before the new harvest arrives.
Under certain circumstances, seasonal price variability may also translate into seasonal variation in (food) consumption. 6 When capital markets fail, and other coping mechanisms such as community-level risk-sharing arrangements, counter-seasonal income generation through off-farm employment or migration, are not available or inadequate to cope with (co-variant) fluctuations in food prices, households may no longer be able to smooth their consumption throughout the year, resulting in welfare loss. Seasonal movements in non-food consumption may be larger than those in food. The latter is more price-inelastic, and households may thus attempt to smooth their food intake by adjusting non-food consumption first.
Against this background, this paper systematically revisits the question of seasonality in SubSaharan African livelihoods. To do so, it examines the extent of seasonal patterns in food prices as observed during 2000-2012 across 100 market locations spread across three countries (Malawi, Tanzania, and Uganda) for a range of food products. Differently from most of the development economics literature, it also controls for price trends using time series econometric methods common in the study of finance. The paper subsequently maps out the intra-annual monthly variation observed in food and non-food consumption in nationally representative household consumption surveys that have been conducted throughout the year in each of these three countries around 2009. The fact that each month, a nationally representative slice of the population has been surveyed, makes this possible and has been exploited here, even though each of the households has only been surveyed once. Finally, in a first descriptive, exploratory step, the seasonal evolution of the country's (weighted) staple food prices is juxtaposed against the intra-annual variation of consumption to explore connections between intra-annual patterns in staple food price movements and consumption.
While essentially descriptive in nature, this paper fills an important empirical void in the current understanding of the evolution of food prices and consumption across seasons. By using time series econometrics to control for price trends, by systematically looking across different food crops, markets (wholesale and retail) and agro-ecological settings in three different countries and using nationally representative household living standard measurement surveys from each of these countries, it updates and enriches the existing literature, which is too often confined to studying seasonality in one country, or even case study areas within a country, and typically relies on unconditional estimates of seasonality, with only few recent studies also linking the current intraannual evolution of food prices in Africa to this of household consumption. 7 An update on the extent of seasonality in African livelihoods also helps guide the renewed public and private policy and investment interest in African agriculture.
The econometric analysis of monthly food price series shows that seasonal movements in maize wholesale prices explain 20 (Tanzania, Uganda) to 40 (Malawi) percent of their monthly volatility, and between 15 to 20 percent for other crops (Tanzania). Peak prices for wholesale maize are on average 30 (Tanzania, Uganda) to 50 (Malawi) percent higher than their monthly troughs and two to three times higher than the seasonal gaps observed for white maize at the South African 7 Chirwa, Dorward and Vigneri (2009) provide a useful exception for Malawi.
Futures Exchange (SAFEX), suggesting high and excess seasonal sensitivity for the key staple in these countries. The seasonal gaps are lower (15 to 25 percent) for other staple cereals, consistent with their greater integration in the international markets (rice) and better storability (millet and sorghum). Juxtaposition of the seasonal evolution of the weighted staple price index against the (weighted) monthly fluctuation in food and non-food consumption, further suggests that household food consumption closely tracks staples prices in each of the three countries, decreasing when staple prices increase; increasing when they decline. Seasonality continues to permeate African food markets and much of their livelihoods.
The paper proceeds by discussing first in section 2, how best to measure seasonality, conceptually as well as empirically. Contextual information about the food price data and markets is provided in section 3, together with a review of the consumption measures. The price seasonality measures are then presented in Section 4, including some robustness checks. Section 5 reviews the insights obtained from estimating intra-annual variation in consumption across different settings in the three study countries and the association between food price seasonality and the intra-annual variation in consumption is subsequently explored through juxtaposition. Section 6 concludes.
Measuring seasonality -concepts and methods
Seasonality refers to certain regular intra-annual movements of a variable of interest. This could be a price or consumption (the variables of interest here), but it could also concern labor supply patterns, children's or adult health status, fertility behavior, etc. To capture the degree of seasonality, different measures have been proposed, each focusing on different aspects of the intraannual flow. The development economics literature has typically used a year-specific seasonal gap measure, defined as the range between the price immediately prior to the arrival of the new harvest and this prevailing once the harvest is fully in (see for instance Dostie, Haggblade, and Randriamamonjy, 2002; or Orr, Mwale and Saiti-Chitsonga, 2009 ). This measure works well for crops where there is a single annual harvest but is less useful in more complex environments. Year-specific seasonal gaps exhibit considerable year-to-year variability. Both demand shocks and developments on world markets can have the result that the price peak or trough may fall in the middle of a crop year. Furthermore, the crude gap measure fails to allow for trend or autocorrelation issues and can be distorted by large irregular movements which may coincide with seasonal peaks or troughs.
The seasonal gap is a range measure of variability. The price volatility literature typically looks at the standard deviation of price returns-see, for example, Gilbert and Morgan (2010, 2011) .
The standard deviation reflects variability throughout the crop year whereas the gap takes only the two extreme observations into account. If intra-annual prices were normally and independently distributed, a simple relationship would exist between these two measures (Parkinson, 1980) . That assumption is implausible and in practice the two measures respond to different questions. In the context of a crop for which there is a single harvest and where imports are difficult, intra-annual price variability will be dominated by the fall in price as the new crop becomes available. With two harvests or continuous harvesting, there may not be a regular and dominant price movement with the implication that the intra-annual price standard deviation gives a superior measure of seasonal price variability.
The public health literature uses the Gini coefficient to measure seasonality (Rau, 2005) . It could be adapted to measure the seasonal inequality of consumption levels. 8 The Gini inequality measure compares each expenditure level with each other expenditure level. It may be rationalized in terms of the Strong Principle of Transfers which underlies inequality measures (Cowell, 1977) which requires, in this context, that a transfer from a high to a low consumption month should reduce seasonal inequality. The paper opts to stay within the tradition of the development economics literature and focuses on the seasonal gap as main measure of seasonality, given the direct link of our variables of interest (prices and consumption) with seasonality in agricultural production, and given the straightforward interpretation of the gap measure. For consumption, the seasonal Gini () coefficients are presented for comparison. 10 Importantly, the paper goes beyond the more traditional (unconditional) monthly averages of prices (or consumption) and uses a seasonal gap estimate derived from time series of multiple years of monthly observations conditioning on the trend and other time series features, where the data allow it. These measures differ from year-specific gaps in measuring regular seasonality and are as such more general.
To fix ideas, let P be a price time series and p be the corresponding log price series,
Seasonal effects are generally proportionate rather than absolute-higher at times of high prices than when prices are low-so it makes sense to analyze the logarithms of prices rather than their Food price and expenditure data typically trend and this is true of the data analyzed here.
The trend may reflect cyclical or secular changes in production or consumption or may result from inflation. Deflation of food prices to obtain real prices is dangerous if food comprises a large proportion of the consumption basket and may distort or eliminate the seasonal features of the data which are of interest. Therefore, nominal (local currency) prices are used here. In a sample covering only a small number of years, any trend in prices will be positively correlated with the seasonal dummy variables-a positive trend will be positively correlated with the dummies for later months and negatively correlated with the earlier dummies. Failure to control for the trend will result in omitted variable bias in the seasonal components. It is therefore desirable to control for the trend in estimating the seasonal components. Even in a longer sample, where the omitted variable bias will be negligible, controlling for the trend will give more precise seasonality estimates.
Detrending involves an implicit or explicit trend model. There is a danger that the choice of model may affect the resulting seasonality estimates. To minimize the judgmental element in this process, a very general estimation model is proposed:
11 The same estimates are obtained by regression of the demeaned vector p on the eleven seasonal dummies (but no intercept). Suppose the twelfth dummy is omitted and write the coefficients of the dummy variables as the vector b. The mth centered seasonal component is then 12 An alternative approach would be to calculate gaps for each year and average these. The annual gaps calculated in this way are intra-annual ranges. They tend to be an order larger than seasonal gaps since irregular movements can result in the highest or lowest prices in a year occurring at times other than the immediate pre-and post-harvest months.
where µ is the trend -see Harvey (1989) . In the most general case, the trend is generated as a random walk with stochastic drift δ,
where ε, ν, and υ are mutually independent innovational disturbances. In order to ensure serial independence, it is useful to add a set of k autoregressive lags to equation (1)
In the empirical applications below, setting k = 2 appeared sufficient to generate serially independent residuals. Ignoring the seasonal components, the model defined by equations (2) and (3) may be rewritten as an ARIMA(2,2,2). In very many cases, the drift δ turns out to be constant, i.e.
( )
Var t υ is estimated at its boundary value of zero. In that case, the specification becomes equivalent to an ARIMA(2,1,1). If, in addition,
Var t ν is estimated as zero, the trend becomes deterministic, 
where β 6 = 0 (since ( ) sin 2 0 π = ) -see Ghysels and Osborn (2001) . With monthly data, the six seasonal cycles have periods of 12, 6, 4, 3, 2.4 and 2 months respectively.
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13 If there is a single harvest and trade is unimportant, seasonality can be well represented by the initial (12 month) cycle. In that case, the seasonality takes the form of a pure sine wave The trigonometric representation is also convenient in terms of its flexibility in accommodating time-varying seasonality. Symmetrically with the trend representation in equation (2), one can allow the eleven α and β coefficients to evolve over time as
where ζ is an 11-vector of independent innovations. In terms of the general specification (4), this may be shown to be equivalent to the Harvey (1989) 
where σ * denote virtual conjugate processes, the 6-vector ζ is a seasonal innovation process and ζ jt t j ω = ω = … so that the variation in the seasonals is accounted for by a single additional parameter. This is the approach adopted in the estimates that follow. Estimations are done using the STAMP package (Koopmans et al, 1999) .
The conditional seasonal gap estimate is obtained as (max (s t ) -min(s t )) obtained from the STAMP procedure. 15 To calculate the contribution of seasonality to overall price volatility, (3) is deseasonalized, giving
. Because the trend is the dominant component, 
ɶ is a measure of the contribution of seasonality to volatility rather than to variability above a trending mean -see Gilbert and Morgan (2010, 2011) .
Seasonality in food (and non-food) consumption can be analyzed in a similar manner. Write the level of consumption in period t (month m of year y) as t ym C C = with year y mean y C . As before, the conditional seasonal gaps can be calculated either from the level or the log data. Yet data on consumers' expenditure are generally only available on an annual basis in developing countries and hence are uninformative in relation to seasonality. In some cases, households are surveyed two, three or occasionally four times in a year, but even if so, they would only give a bi-annual or quarterly (and not a monthly) picture and rarely are such surveys repeated over several years, especially not in Sub-Saharan Africa (Garcia-Verdu, 2014). Several years of surveys are necessary to identify a true, seasonal pattern, as opposed to the intra-annual variation observed in one year, which comprises both the seasonal patterns as well as the year specific deviations from it.
Such data constraints are common to most studies on consumption seasonality in the literature and as most of these studies, this paper also only has one (Malawi, Uganda) Before bringing (6) to the data, a number of considerations are in place. While under certain circumstances, seasonality in (food) prices may induce seasonal variations in consumption, consumption seasonality may also follow directly from seasonality in income flows (Khandker, 2012) , or seasonal patterns in spending, such as the need to pay school fees/uniforms at the beginning of the school year, or increased spending on clothing during certain festivals. As the different consumption components are typically collected with different recall periods (last seven days for food expenditures, last seven days, month or year for non-food expenditures), and subsequently annualized, great care is needed in constructing the consumption variable for seasonality analysis as well as the interpretation of the coefficients on the monthly dummies.
First, if certain expenditures are concentrated in specific months (e.g. schooling expenses) and only asked about for the past month, the seasonal effect would be rightly attributed to that month, but overestimated (because it would have been annualized, i.e. multiplied by 12). If the same question had been asked with a recall period of a year, no month or seasonal effects should be observed, unless there is a retrospective bias. In our data, he latter appears to be the case for spending on education and small appliances. While the amount of spending on these items was sought on an annual recall basis, they nonetheless displayed substantial monthly variation. 17 We therefore omitted these components of expenditures from the consumption aggregate. While this 16 In some cases, the surveys spanned more than 12 months, thereby capturing the beginning of the next agricultural season. 17 No major change in education policies was observed during the period of the survey. may lead to a slight underestimation of seasonality in non-food consumption, the core interest here is in exploring the intra-annual variation in food consumption, whose fluctuations are most detrimental to welfare.
Second, a substantial part of food consumption in developing countries typically comes from own production. Auto-consumption was valued at the median unit value for that item obtained from the same enumeration area at the same month. If insufficient observations were available to obtain a unit value for that food item for that month within the same enumeration area, median values were obtained from higher levels (district, regions, national) . All values of food and non-food subaggregate components have subsequently been spatially and intra-annually deflated (i.e. expressed in the prices of one region-month). Expenditures are thus expressed in real terms, and intra-annual fluctuations can be interpreted as changes in (aggregate) quantities.
Turning to the survey design, even though the samples were drawn to be nationally representative per period, slight deviations may have been introduced during survey implementation for practical purposes, to accommodate the survey teams. To control for differences in the composition of the samples across periods that may have been introduced in this way, seasonally invariant household and location characteristics (X iy ) were added in equation (6). These include the education, sex, and age of the household head, plus agro-economic zone and regional controls.
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Robustness of the seasonal gap estimates was further checked against specifications without regional dummies and/or without accounting for sampling weights and survey strata.
Finally, heterogeneous timing in seasonality across locations may attenuate the intra-annual variation when the estimation is on the national samples. Therefore, the seasonal factors are estimated from the national sample, but also separately for regional sub-samples. Urban, Northern, Central, and Southern rural sub-samples were distinguished in Malawi, as the crop calendar differs by latitude -see FAO (2004) . Urban, rural areas with a single harvest and rural areas with two harvests were distinguished in Uganda and Tanzania.
The information base
Monthly price series for a wide array of staple and non-staple crops and food products in wholesale and retail markets during 2000-2012 were obtained from national statistical offices (Malawi and Tanzania) and a private marketing agency (Uganda) . Eight markets were covered in Uganda, twenty in Tanzania and seventy-two in Malawi. Monthly prices were collected on between five (Malawi) and twenty-three (Uganda) food products, including maize, rice, millet and sorghum, beans, cassava (the key staples), groundnuts, and some vegetables and fruits (e.g. tomatoes and bananas). Special attention will be given to maize (the main staple crop -see Table 1 below), with the others acting as comparators. Vegetables and fruits are for example highly perishable and their prices are thus expected to much more seasonal. For a number of products both wholesale and retail prices were collected (though not in Malawi). Together this yielded a total of 890 crop-market price series ( Table 1) . The prices are all expressed in nominal terms and in local currency.
Less than 5% of the price data points used in the estimation was missing, and to work with the longest possible time series, these data points were imputed following Gilbert (2010a) . In particular, when there is a month for which prices are available for at least 50% of the marketplaces, the median price 19 across all non-missing values for available marketplaces for each commodity in the same country is calculated, as well as the margin between the actual marketplace values and the median for all non-missing values of that particular month. This margin is then estimated as a second order auto-regressive pooled OLS across months and marketplaces for each commodity. The 19 The median is used to avoid undue influence from extreme observations. It is also less affected than the mean by missing values.
predicted values from the auto-regressive OLS are added to the monthly median to impute missing prices.
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The evolution of the median monthly maize wholesale price across all markets for each country is depicted in Figure 1 . The series display high volatility, especially since the second half of the 2000s. Visual inspection further suggests that there is some annual regularity (i.e. seasonality) in these price series, with the seasonal pattern in Uganda (which is above the equator) often the reverse of this in Tanzania (below the equator)-when the median monthly price peaks in Tanzania, it tends to bottom out in Uganda, and vice versa. Seasonal price movements in Malawi (also below the equator) are similar to those in Tanzania. Uganda (2009-10) . For a detailed description of these surveys, including on the construction of the consumption aggregates, see www.worldbank.org/lsms-isa. The key issues related to the construction of the consumption aggregates and how these may bear on the estimation of intra-annual variation from these cross-sections have already been discussed above.
The consumption aggregate comprises four main components: food, non-food, durable goods, and housing, with the latter three merged in a non-food sub-aggregate. The food subaggregate is constructed by summing the reported consumption of all food items (between 120 and 150 organized in 11 categories depending on the country) across all household members present during the past seven days, and using the last seven days as the recall period.
Expenditures on non-food, and semi-durables were collected with different recall periods (over the last week for utilities such as oil, gasoline, or electricity, public transportation, and 20 The formal imputation formula writes the same for each commodity separately as (for all locations i and month t): ln = ln + ln − ln where ln − ln is predicted by the pooled OLS regression: ln − ln = + ln − ln + ln − ln + and where the last term is a normally and i.i.d residual term. In the small numbers of cases in which all prices are missing for a particular commoditycountry pair, the values are imputed by the STAMP Kalman filter.
communications; over the previous month for expenses on mobile phones, personal care (health), and recreation; over the past three months for expenses on clothing; and the past twelve months for expenses on furnishings, small appliances, and education (including fees, meals, and lodging/boarding).
All expenditures were converted into annual figures (as for the food items) with a regionspecific intra-annual deflator depending on the recall period, location (by stratum), and the month of interview to make them comparable with one another at the reference month of the survey. Some non-food items were excluded, in particular payment of mortgages or debts (financial transactions), losses to theft, remittances and expenditures on marriages, dowries, births, and funerals (too sporadic).. Finally, the non-food sub-aggregate also incorporates an imputed value of the stream of services accruing to households from ownership of durable goods (between 20 and 30 depending on the survey round and country, but excluding productive assets) and housing.
Survey coverage was reasonably even across months (Table A1) , though coverage was smaller in month three and four in Tanzania. Sampling weights were adjusted accordingly and nonseasonal household and location characteristics were included to control for possible sample heterogeneity among the monthly sub-samples. The table provides descriptive statistics on these variables.
Reviewing the simple monthly sample averages of the real food and non-food expenditures, converted to constant PPP-adjusted 2005 USD, suggests substantial intra-annual variation (Table 2) , with food expenditures in the highest months 25 (Tanzania) to 43 (Malawi) percent higher than those in the lowest months. The gaps are even higher for non-food expenditures (though the base is also lower). Given that it concerns only one year, year specific deviations, as well as seasonality, may underpin these gaps. Nonetheless, the consistency of the pattern across the three countries suggests a substantial degree of recurrent intra-annual variation. Table 3 reports food expenditure shares and the shares of the different staples in total staple expenditures. The food expenditure shares vary slightly across months (consistent with the larger seasonal gap in non-foods). Maize and rice make up the bulk of staple consumption in Malawi and Tanzania, while starchy foods (cooked bananas and cassava) are equally important in Uganda. But those shares vary within the year given substitution across staples: and especially between cereals and continuously-harvested tubers and starchy food for instance in Tanzania the sum of maize and rice shares vary from 50 to 75% in total within the year.
Staple prices display considerable seasonality
In estimating the seasonal components of equation 3, the monthly price time series were found to be all non-stationary, with a stochastic trend and constant drift terms in the majority of the cases ( -see Table A2 for test results. For the key staples (maize, rice, cassava and also matoke in Uganda), the seasonal factors are jointly statistically significant across most markets, with the seasonal patterns in these markets typically also constant over time (Table A3 ). For example, for maize, which makes up between 68 (Malawi) and 20 percent (Uganda) of total staple consumption (Table 3 above), the seasonal factors are jointly statistically significant in virtually all wholesale maize markets (97 percent of the Malawian markets; 90 percent of Tanzania's markets and all of Uganda's markets).
Seasonality was also observed in the majority of the wholesale rice markets, the second most important staple. The seasonal factors are jointly significant in 54, 95 and 75 percent of the wholesale rice markets in Malawi, Tanzania and Uganda respectively. Interestingly, among the three countries, seasonality in the rice market was most prevalent where rice was most important in the diet (Tanzania, 17 percent of staple consumption; 13 in rural areas and 31 percent in urban areas) and less so, where it was less significant (Malawi and Uganda, around 6 percent of staple consumption nationally, and 14 percent in urban areas). The seasonal components are statistically significant in 100 and 37.5 percent of the retail matoke and cassava markets of Uganda respectively, where they each make up about 20 percent of the total staple expenditures. Millet and sorghum are not important in the diets of Tanzania or Uganda, and also tend to display less seasonality in these markets. For beans, 85% of seasonal patterns are statistically significant in Tanzania, 64% in Malawi, and 100% are so in Uganda.
These results for the key staples are quite stark, in particular because the tests have 11 degrees of freedom and may therefore lack power when employed on time series covering only a short number of years (in this case, 11 years or less). Averaging across all commodities, seasonality in wholesale prices is statistically significant at the 5% level in 78% of locations in Uganda, 56% of the locations in Malawi, and 62% of the locations in Tanzania. This difference across countries in statistical significance in part reflects differences in the length of the time series available, which is shortest in Malawi (2005 Malawi ( -2012 Malawi ( instead of 2000 Malawi ( -2012 .
How important are these seasonal movements then in relation to overall food price volatility? Calculation of the R 2 (section 2) suggests that between one and two fifths of the total volatility in monthly wholesale maize prices during the period under study is explained by their seasonal pattern-40 percent in Malawi, 22 percent in Tanzania and 27 percent Uganda. For rice millet, sorghum, beans and potatoes the seasonal share of overall volatility is between 15 and 21 percent (in Tanzania) . Clearly, a non-negligible part of the observed food price volatility is deterministic, originating in the domestic markets, and annually recurring. It will not go away, even if prices in the international food markets stabilize, which thus deserves separate attention.
But is the amplitude of the seasonal movements also sizeable? For wholesale maize, the estimated conditional seasonal gaps averaged across markets within each country are between 31 (Tanzania) and 54 (Malawi) percent (Table 4) . Or, put differently, the monthly peak price is on average between 31 and 54 percent higher than the monthly minimum price within that country. This is after controlling for trends (including those from inflation). This is substantial.
The estimated conditional seasonal gap for the other cereals (averaged across the markets in each country) is about half that of maize wholesale, between 17 (Uganda) and 22 (Malawi) percent for rice, and around 20 -25 percent for sorghum and millet. This would be consistent with better storability of sorghum/millet (World Bank, 2011) and more steady supplies for rice (through greater reliance on import and the potential of multiple crops per year through irrigation).
The cross-country perspective provides one way to "benchmark" food price seasonality (recall that some seasonality in prices is expected given the production cycle and storage (and/or trade) costs). The second approach to benchmarking is to compare domestic price variability with that on world markets. This is a feasible approach for those food crops which enter into international trade, such as maize and rice. In particular, the 2000-2012 conditional wholesale maize and rice series seasonal factors derived from equation (1) for national average price series 21 can be compared with the seasonal factors derived in the same way for the SAFEX white maize cash price and the Bangkok rice price. SAFEX, which is part of the Johannesburg Stock Exchange, is the leading world futures market for white maize and provides the standard benchmark price for white maize both in South Africa and neighboring countries. Thailand is the leading world rice exporter and the Bangkok price is widely taken as indicating the world rice price.
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Comparison of the seasonal factor of the SAFEX maize price with those observed for wholesale maize in each of the three countries, confirms the substantially greater seasonality in the national market price series. They exhibit a seasonal range of 24% in Tanzania (January to August), 26% in Uganda (June to September), and 48% in Malawi (February to May) against a seasonal range of 13% for SAFEX prices (January to July) (Figure 2 seasonal variability. Uganda is a maize exporting country and is more distant from Johannesburg (and being largely above the equator, suggesting a different seasonal production cycle). The seasonal price pattern is quite distinct from that of the SAFEX price and also the patterns in Malawi and Tanzania.
Seasonality is also substantially higher for rice in the three countries considered than on the world market (17% to 33% for wholesale markets and 12% to 16% in retail markets against 6% on the world market) (Figure 3 ). Uganda, which is a net rice importer, shows the greatest seasonal variability in contrast to Tanzania and Malawi which are both in broad rice balance. Rice prices in Uganda also track Bangkok prices more closely showing a 90% correlation between contemporaneous seasonal factors while the relationship is less tight in Tanzania and Malawi with 50% to 70% correlation.
Moving beyond cereals, the gaps are also sizeable and higher than that of maize for nonseasonal crops (cassava, around 25-30% and matoke around 40-45%), both being important staples in Uganda). Processed products (such as flour) exhibit the lowest seasonality, while fruits (oranges, pineapples) and vegetables (tomatoes, onions), which are much more perishable, show the highest scores. For the limited number of products and countries where they could be compared, the gaps tend to be systematically higher in wholesale than in retail markets (possibly related to lower intermediation costs in retail markets). Differences between conditional and unconditional gaps do not appear systematic.
These rankings hold across countries, suggesting that seasonality largely results from commodity and product-specific characteristics. In addition, there is also substantial within-country heterogeneity across markets, highlighting the role of location, as shown by the within-country standard deviations of the conditional gaps in Table 4 . The min-max range for seasonal gaps in wholesale maize prices in Malawi is for example between 26 and 86 percent (see Figure 4) . It is between 22 and 58 % in Tanzania and between 15 and 44 % in Uganda.
A detailed investigation of the determinants of price seasonality falls beyond the scope of this paper, but an analysis of variance (ANOVA) applied to the pooled sample of all seasonal gaps, across crops/products, countries, markets and their type-retail/wholesale (Table 5 ) -can help locate the sources of seasonality and provides a decomposition of heterogeneity in the seasonality of local market prices.
Three-way ANOVA decomposition analysis (including all interaction terms to exhaust all unexplained variation) indicates that the crop-location interaction accounts for the major share of overall heterogeneity ahead of the separate pure crop and location effects (42% versus 38% and 18% respectively). This result suggests that most of the variation in the seasonal conditional gaps depends on the crop concerned, though even for the same crop, seasonality varies quite a bit depending on the location, i.e. crop seasonality is highly location-specific, implying higher seasonal gaps for certain crops but lower gaps for others. Together they explain 90 percent or more of the variation in each country. This highlights that the characteristics of the crop (perishability, price elasticity of demand)
and their interplay with the characteristics of the location/market place (accessibility, market size, market structure, which all affect their tradability) are important entry points in studying the determinants of food price seasonality.
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Figure 5 charts the crop-specific OLS coefficients from the three-way ANOVA. Relative to the unconditional and conditional estimates reported above in Table 4 , this analysis implies an unexpectedly low degree of seasonality for beans and for maize (to a lesser extent) and a high degree of seasonality for matoke, once controlling for location-specific and other market characteristics, as well as product-location interactions. This indicates that maize and beans gaps exhibit more locationspecific heterogeneity than other crops and have lower "intrinsic" seasonality than one could infer from the conditional gap estimates. Furthermore, seasonal gaps implied by the ANOVA coefficients for the wholesale markets exceed those on retail markets, by around 3%.
Consumption Tracks Seasonality in Staple Prices
The estimated results for the intra-annual variability indicators in consumption (as described in equation (6)) are in Table 6 by sub-region per country. 24 The Wald test of joint significance of the monthly dummies is not rejected in 7 out of the 10 sub-regional regressions for food expenditures and in none of the sub region regressions for non-food expenditures. This suggests that intra-annual variability in household consumption is still quite common across countries and settings within countries, especially for non-food expenditures, but also for food expenditures. Note also that the intra-annual variability is not confined to rural areas but is also observed in urban settings. The estimated intra-annual gaps in consumption between the highest and lowest months can be substantial ranging from 31 (rural south in Malawi) to 82 percent (urban Tanzania) for food expenditures and from 21 (rural south in Malawi) to 233 percent (urban Uganda) for non-food expenditures. Second, they are typically higher in amplitude for non-food expenditures than for food expenditures, though this is partly reflects that fact that food expenditures are simply larger than non-food expenditures. Measured relative to total consumption, intra-annual food consumption variability is typically more important than non-food variation (with the possible exception of Uganda). Third, intra-annual variability in both food and non-food consumption is typically also of larger amplitude (but higher base levels too) for urban households, compared with their rural counterparts (the exception here being food consumption in Malawi). Fourth, for these three survey years, the observed intra-annual variability is lower in Malawi than in the other two countries (despite somewhat higher maize and rice price seasonality in the former). Surprisingly, food consumption is more variable in those Tanzanian regions with two harvests per year arising out of bimodal rainfall distributions.
A similar picture emerges when using the Gini coefficient as measure of intra-annual variability-higher intra-annual variability for non-food than food, higher for urban than rural, lower for Malawi than in the other two countries. In this context, the Gini coefficients have a direct interpretation in terms of storage. They imply that relatively modest food transfers from high to low consumption periods (of the order of 5% to 10% of food consumption levels) would be sufficient to eliminate seasonal variability in food consumption. Gini coefficients for non-food consumption are much higher, rising to 20%, but it is arguable that these may be of less concern since households may exhibit a much higher degree of intertemporal substitutability for non-foods. The picture is less consistent when using the (non-regression based) monthly averages as in Table 2 , providing support to the use of the regression based approach described by equation (6).
Clearly, the estimated intra-annual variations are substantial, underscoring the challenge that households face in smoothing their food (and non-food) consumption. At the same time these intra-annual variations cannot be identified as regular seasonal deviations, given that they reflect the experience of a single year. This makes it impossible to distinguish between regular seasonality in food and non-food consumption and irregular or sampling variation specific to the survey year. With a second survey year available for Tanzania (2010-2011), a start can be made in gauging the annual specificity of the observed intra-annual variation in consumption (Table 7) . There remains substantial intra-annual variation in both food and non-food consumption, with the latter being larger in relative terms than the former, across both years. Yet the geographical patterns have shifted, with intraannual variation in food consumption especially pronounced in urban areas in 2008-9, while it is much more pronounced in the rural areas in 2010-11. When looking at the pooled sample, there remains substantial intra-annual variability, though the effects are no longer as pronounced as in either of the survey years. While this underscores the need for longer time series (or repeated crosssections), which are rarely available in practice, to gauge seasonality in consumption as such, it does confirm the lack of intra-annual food consumption smoothing capacities of many households.
Several robustness checks and heterogeneity analyses on the intra-annual variability consumption indicators were performed. 25 First, we have examined intra-annual variation in food and non-food consumption by income and asset index quartile for each country, which indeed shows more seasonality for the non-poor and most intermediate income classes. Seasonality in consumption seems lower for poorer contexts, both across countries but also in relation to the ruralurban classification. It is possible that seasonal price impacts initially increase with income before eventually being declining for the wealthiest, suggesting a seasonal Kuznets effect. Second, we have looked whether the very large non-food intra-annual fluctuations in Uganda were driven by specific household categories within the sub-samples. Coffee is the main export crop in Uganda. Removing coffee growers from the Ugandan rural sub-samples tended to slightly increase the non-food consumption gap and decrease the food gap, but without making significant differences. Third, we have experimented with a number of alternative specifications adding additional control variables.
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The resulting estimates of consumption variability appear very robust and the amplitude of this variability remains largely unaffected by augmented specifications.
Finally, the link between the estimated intra-annual fluctuations in food and non-food consumption for the year in question and the regular staple price seasonality observed over the longer sample is explored ( Figure 6 ). The estimated month effects obtained at the sub-sample level for food and non-food expenditures are reweighted according to their shares in the national sample size to construct a "re-aggregated" national month effect. For presentational purposes, the intra- Overall, the findings suggest that the intra-annual variability in household consumption may well follow from seasonality in food prices. That said, it cannot be excluded that third factors correlated to both price and consumption movements cause the observed similarity in price and consumption movements. A possible candidate might be a higher disease incidence during the rainy season (e.g. because of malaria)coinciding with the hunger season when food prices are high.
However, no seasonal pattern was evident in self-reported disease incidence.
Conclusion
This study has revisited the evidence on food price seasonality and intra-annual variation in consumption in a wide variety of settings in three countries in eastern and southern Africa. Overall, the findings suggest that the current neglect of price seasonality and the inability of households to fully smooth their consumption within the year may be premature. Regular seasonality appears to contribute between 20% and 40% of overall food price volatility in the three countries examined, with wholesale maize prices during the peak months estimated to be 30 to 50 percent higher than those during the troughs. While some seasonality in food prices is natural given storage costs, the levels observed in the domestic countries of the study countries in this paper are two to three times higher than those in the international markets.
The empirical analysis further shows a strong negative association between price seasonality and intra-annual fluctuations in both food and non-food consumption. This indicates that a large proportion of African households has a limited ability to smooth consumption, and that there are good indications that such fluctuations may partly follow from an excessive seasonal behavior of staple prices.
There are multiple implications. First, significant welfare gains can be achieved by improving households' smoothing capacities. Second, the burgeoning literature on food price volatility, much of which focuses on financial and energy market influences on food prices, has largely neglected the more prosaic deterministic seasonal factors most immediately obvious throughout Africa. These could be reduced through more secure storage at village level, a reduction in transport costs, and increased intra-African food trade. Third, turning to methodology, poverty measurement is likely to be sensitive to seasonal issues. This should be taken into account in survey design since a sample which is nationally random may fail to be seasonally random. Overall, seasonality in prices and welfare remains much of an issue in East and Southern Africa and probably also throughout the remainder of the continent.
Many of our results on consumption are based on limited data and are suggestive rather than conclusive. Future work will bring in further survey waves but may also extend to a wider range of welfare indicators, including indicators of longer term impacts such as child growth and nutrition. 1) The estimated indicators are those obtained from the seasonal factors estimated with a regression on basic non-seasonal correlates (household head education, sex, and age, AEZ, a control for the agricultural year, and controls for rural/urban and administrative region) accounting for sampling household weights, 2) Education expenses are removed from the non-food aggregate. *, **, *** denote statistical significance at the 10%, 5% and 1% level respectively. 1) The estimated indicators are those obtained from the seasonal factors estimated with a regression on basic non-seasonal correlates (household head education, sex, and age, AEZ, and regional controls) accounting for sampling household weights, 2) Education expenses are removed from the non-food aggregate as they introduce recall bias. *, **, *** denote statistical significance at the 10%, 5% and 1% level respectively. Note: Those figures are derived from the ANOVA OLS regression coefficients of the pure products effects once controlling for other sources of heterogeneity in the conditional price gaps and interaction with the product effects. Estimated coefficients are recentered so as to locate the seasonality premium of all products with respect to an "average" product. 
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